The altered serum lipidome and its diagnostic potential for Non-Alcoholic Fatty Liver (NAFL)-associated hepatocellular carcinoma by Lewinska, Monika et al.
EBioMedicine 73 (2021) 103661
Contents lists available at ScienceDirect
EBioMedicine
journal homepage: www.elsevier.com/locate/ebiomResearch paperThe altered serum lipidome and its diagnostic potential for Non-Alcoholic
Fatty Liver (NAFL)-associated hepatocellular carcinomaMonika Lewinska, PhDa, Alvaro Santos-Laso, PhDb, Enara Arretxe, PhDc, Cristina Alonso, PhDc,
Ekaterina Zhuravleva, PhDa, Raul Jimenez-Ag€uero, MD, PhDb, Emma Eizaguirre, MD, PhDb,
María Jesus Pareja, MD, PhDd, Manuel Romero-Gomez, MD, PhDe,f, Marco Arrese, MDg,
Malte P. Suppli, MD, PhDh, Filip K. Knop, MD, PhDh,i, Stine Karlsen Oversoe, MD, PhDj,
Gerda Elisabeth Villadsen, MD, PhDj, Thomas Decaens, MD, PhDk,l,
Flair Jose Carrilho, MD, PhDm, Claudia PMS de Oliveira, MD, PhDm, Bruno Sangro, MD, PhDf,n,
Rocio I.R. Macias, MD, PhDf,o, Jesus M. Banales, PhDb,f,p, Jesper B. Andersen, PhDa,*
a Biotech Research and Innovation Centre, Department of Health and Medical Sciences, University of Copenhagen, Denmark
b Department of Liver and Gastrointestinal Diseases, Biodonostia Health Research Institute - Donostia University Hospital, University of the Basque Country (UPV/
EHU), San Sebastian, Spain
c OWL Metabolomics, Derio, Spain
d Hospital Juan Ramon Jimenez - Huelva, Spain
e UCM Digestive Diseases. Virgen del Rocío University Hospital. SeLiver group at the Institute of Biomedicine of Seville (IBIS). The University of Seville. Sevilla, Spain
f Center for the Study of Liver and Gastrointestinal Diseases (CIBERehd), Carlos III National Institute of Health, Madrid, Spain
g Department of Gastroenterology, Escuela de Medicina, Centro de Envejecimiento y Regeneracion (CARE), Facultad de Ciencias Biologicas, Pontificia Universidad
Catolica de Chile, Santiago, Chile
h Center for Clinical Metabolic Research, Gentofte Hospital, University of Copenhagen, Hellerup, Denmark
i Steno Diabetes Center Copenhagen, Gentofte, Denmark
j Department of Hepatology and Gastroenterology, Aarhus University Hospital, Denmark
k Universite Grenoble Alpes, Grenoble, France
l Department of Hepatology and Gastroenterology, CHU-Grenoble Alpes, France
m Department of Gastroenterology, Faculdade de Medicina da Universidade de S~ao Paulo, Brazil
n Liver Unit, Clinica Universidad de Navarra-IDISNA and CIBEREHD, Pamplona, Spain
o Experimental Hepatology and Drug Targeting (HEVEPHARM) group, IBSAL, University of Salamanca, Salamanca, Spain
p IKERBASQUE, Basque Foundation for Science, Bilbao, SpainA R T I C L E I N F O
Article History:
Received 27 July 2021
Revised 11 October 2021
Accepted 15 October 2021
Available online 29 October 2021Abbreviations: AC, acylcarnitines; AV-HCC, alcohol- and
index; BCAAs, branch-chain amino acids; Cer, ceramides;
cholines; LPE, lysophosphatidylethanolamines; LPI, lysop
ric surgery NAFLD; NAFLD, non-alcoholic fatty liver dise
acids; PC, phosphatidylcholines; PE, phosphatidylethano
sphingosine-1-phosphate; TG, triglycerides
* Corresponding author: Jesper B Andersen, Ole Maalø
E-mail address: jesper.andersen@bric.ku.dk (J.B. Ande
https://doi.org/10.1016/j.ebiom.2021.103661
2352-3964/© 2021 The Author(s). Published by ElsevierA B S T R A C T
Background: Non-alcoholic fatty liver disease (NAFLD) is affecting more people globally. Indeed, NAFLD is a
spectrum of metabolic dysfunctions that can progress to hepatocellular carcinoma (NAFLD-HCC). This devel-
opment can occur in a non-cirrhotic liver and thus, often lack clinical surveillance. The aim of this study was
to develop non-invasive surveillance method for NAFLD-HCC.
Methods: Using comprehensive ultra-high-performance liquid chromatography mass-spectrometry, we
investigated 1,295 metabolites in serum from 249 patients. Area under the receiver operating characteristic
curve was calculated for all detected metabolites and used to establish their diagnostic potential. Logistic
regression analysis was used to establish the diagnostic score.
Findings: We show that NAFLD-HCC is characterised by a complete rearrangement of the serum lipidome,
which distinguishes NAFLD-HCC from non-cancerous individuals and other HCC patients. We used machine
learning to build a diagnostic model for NAFLD-HCC. We quantified predictive metabolites and developed
the NAFLD-HCC Diagnostic Score (NHDS), presenting superior diagnostic potential compared to alpha-feto-
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2 M. Lewinska et al. / EBioMedicine 73 (2021) 103661acylcarnitines during transformation. Upregulation of fatty acid transporters in NAFLD-HCC tumours contrib-
ute to fatty acid depletion in the serum.
Interpretation: NAFLD-HCC patients can be efficiently distinguished by serum metabolic alterations from the
healthy population and from HCC patients related to other aetiologies (alcohol and viral hepatitis). Our model
can be used for non-invasive surveillance of individuals with metabolic syndrome(s), allowing for early
detection of NAFLD-HCC. Therefore, serum metabolomics may provide valuable insight to monitor patients
at risk, including morbidly obese, diabetics, and NAFLD patients.
Funding: The funding sources for this study had no role in study design, data collection, data analyses, inter-
pretation or writing of the report as it is presented herein.
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f this rapidly increas-Non-alcoholic fatty liver disease (NAFLD) involves a spectrum of
metabolic diseases affecting 24% of the population globally [1]. NAFLD is
associated with obesity and type 2 diabetes [2], and represents a spec-
trum of non-malignant conditions that range from hepatic steatosis to
non-alcoholic steatohepatitis (NASH) with fibrosis and ultimately cir-
rhosis [3]. NAFLD is emerging as a leading risk factor of hepatocellular
carcinoma (HCC) in both men and women (hazard ratio »17) [4], but
tools to detect the progression of NAFLD to HCC remain inadequate.
HCC is the fourth most common cause of cancer-related death
worldwide [5] with rapidly increasing incidence and mortality rates
[6,7]. The incidence of NAFLD-related HCC (NAFLD-HCC) varies
between 0¢5% and 19¢5%, depending on the disease state (presence or
absence of cirrhosis) and geography [79]. Indeed, the prevalence of
NAFLD-HCC is increasing compared to alcohol- and viral hepatitis-related HCC (AV-HCC) [8,10]. Importantly, accumulating evidence
suggests that NAFLD-HCC may develop in a non-cirrhotic background
[9,11]. This presents a major clinical challenge as non-cirrhotic
NAFLD patients currently are not under surveillance for developing
HCC [7,11]. Furthermore, NAFLD-HCC is characterised by unique
mutational signatures and an immune environment, which plays an
important role in the response to checkpoint inhibitors and may lead
to therapeutic failure [1214]. Therefore, non-invasive serum bio-
markers are urgently needed to monitor NAFLD, its progression to
HCC, and to distinguish NAFLD-HCC from other aetiologies.
Serum metabolomics provides insight into holistic metabolic
changes and can potentially predict hepatic pathological lipid abun-
dance [15] and is reflective of the liver pathology [16]. However, metab-
olomic profiles are highly dependent on ethnicity and risk factors such
as obesity and diabetes [1720]. The understanding of the biology
underlying NAFLD-to-HCC progression is still lacking. Therefore, analy-
sis of the metabolic shifts in the liver and in circulation at the stage of
NAFLD and during malignant progression (NAFLD-HCC) is crucial for the
development of new diagnostics and therapeutic modalities [21].
The aim of this study was to develop and validate a non-invasive
biomarker for surveillance and early detection of NAFLD-HCC. Here,
we used a comprehensive serum metabolomics-based approach to
identify unique NAFLD-HCC biomarkers, allowing us to distinguish
early NAFLD-HCC from patients with NAFLD or HCC on a background
of alcohol or viral hepatitis (AV-HCC).2. Patients and Methods
2.1. Study population
A total of 249 patient samples were collected in this international
and multicentre study. All samples were collected and stored accord-
ing to REMARK for biomarker analysis. Our study cohort was divided
into discovery and validation sets. The proportion of NAFLD-HCC
patients in this study (17¢3%) is reflecting the reported prevalence of
NAFLD-HCC [79]. The discovery set included serum samples from
196 patients from Spain and France: 27 patients with NAFLD-HCC, 32
patients with AV-HCC, 102 morbidly obese NAFLD patients undergo-
ing bariatric surgery (OB-NAFLD), and 35 healthy subjects described
previously [22]. Based on unsupervised clustering (Supplementary
Materials) and clinical information, we classified 9 obese bariatric
surgery patients with a NAS<3 and liver fibrosis score <2 as controls
(CTRL). The validation set included serum samples from 37 NAFLD
patients from Chile and Spain and plasma sampled from 16 NAFLD-
HCC patients in Brazil and Denmark. NAFLD patients from the valida-
tion set were overweight (body mass index (BMI>25)) or obese
(BMI) >30), however, significantly leaner compared to patients in the
OB-NAFLD group (p<0¢0001). All patients had biopsy-proven NAFLD.
The NAFLD-HCC group consisted of patients who were diagnosed
non-alcoholic steatohepatitis (NASH) based on liver biopsy, self-
reported alcohol consumption (<20 g/day) and hepatitis B or C serol-
ogy (hepatitis B surface antigen, hepatitis B surface antibody, hepati-
tis B core antibody, and hepatitis C antibody). All patients were
M. Lewinska et al. / EBioMedicine 73 (2021) 103661 3qualified for curative liver resection. Serum was obtained from all
patients prior to surgery, including patients undergoing bariatric sur-
gery or liver resection. The clinical and biochemical representation of
the study population is presented in Supplementary Table 1. The
NAFLD-HCC patients were diagnosed before surgery with imaging
(33%), biopsy (26%), both (15%), or medical concilium (11%). For
remaining, 15% of patients’ diagnostic method was not reported.
After removal tumours were classified by a skilled pathologist. In all
patients’ blood was collected before surgical intervention.
2.2. Ethics
The study was performed following individual patient consent,
local institutional review board (IRB) approval, and assessed by the
Committee on Health and Research Ethics for the Capital Region of
Denmark for use of archival material no. 17029679. All patient data
sets were anonymised.
2.3. Metabolomic analyses
Comprehensive metabolomics including 1295 metabolites was
performed on serum samples with three platforms as described pre-
viously [23]. Briefly, metabolite extraction was accomplished by frac-
tionating the samples into pools of species with similar
physicochemical properties, using appropriate combinations of
organic solvents. Two UHPLC-time of flight-MS based platforms ana-
lysing methanol and chloroform/methanol serum extracts were com-
bined with the amino acid measurement using an UHPLC-single
quadrupole-MS based analysis. Platform used for the analysis metha-
nol extraction was optimized for the profiling of fatty acids, oxidized
fatty acids, acyl carnitines, lysoglycerophospholipids (monoacylgly-
cerophospholipids and monoetherglycerophospholipids), free sphin-
goid bases, bile acids, and steroid sulfates. The chloroform/methanol
extract platform provided coverage over glycerolipids (di- and trigly-
cerides), cholesterol esters, sphingolipids (ceramides and sphingo-
myelins), and glycerophospholipids (diacylglycerophospholipids and
1-ether, 2-acylglycerophospholipids).
Metabolite extraction procedures, chromatographic separation
conditions, and mass spectrometric detection conditions have been
previously described [23]
Data pre-processing generated a list of chromatographic peak
areas for the metabolites detected in each sample injection. An
approximated linear detection range was defined for each identified
metabolite, assuming similar detector response levels for all metabo-
lites belonging to a given chemical class represented by a single stan-
dard compound. Metabolites for which more than 30% of data points
were found outside their corresponding linear detection range were
not used for statistical analyses. Intra and inter batch data normalisa-
tion was performed following the procedure described by Martinez-
Arranz et al [24].
For fatty acid profiling we used tissue samples matched to serum
samples from 9 CTRL, 32 NAFLD, 20 NASH, 27 surrounding liver tis-
sues, and 27 tumour tissues. Methanol with internal standards was
added to liver tissue (30:1, v/w) and the homogenization of the
resulting mixture was then performed using a Precellys 24 homoge-
nizer at 6500 rpm for 26 seconds. After brief vortex mixing, the sam-
ples were incubated for 1h at -20 ̊C. Samples were centrifuged at
18000 x g for 15 minutes at 4 ̊C. 120mL of supernatant were collected
from every sample and transferred to vials for UHPLC-MS analysis.
Absolute quantitation of Linoleyl carnitine, Linoleic acid, Osbond
acid, 9 (Z),12 (Z)-Hexadecadienoic acid, 9 (E)-Tetradecanoic acid, Tet-
radecadienoic acid, Hexadecatrienoic acid, Hydroxyoctadecadienoic
acid, 1-Hydroxy-2-Linoleoyl-sn-Glycero-3- Phosphatidylcholine 1-
Linoleoyl-2-Hydroxy-sn-Glycero-3-Phosphatidylcholine, and 1-
Hydroxy-2-Docosapentaenoyl-sn-Glycero-3-Phosphatidylcholine
was also performed. Stock standard solution of Linoleyl carnitine,Linoleic acid, osbond acid, 9 (Z),12 (Z)-Hexadecadienoic acid, 9 (E)-
Tetradecanoic acid, (2E, 4E)-2,4-Tetradecadienoic acid, 7 (Z),10 (Z),13
(Z)-Hexadecatrienoic acid, 9- (S)-HODE and 18:0 Lyso PC were pre-
pared individually in methanol at a concentration level of approxi-
mately 100, 1000 or 10000 mg/mL, depending on the compound. The
working standard was prepared by mixing the appropriate amount
of each standard solution in methanol to reach a final concentration
of approximately 100 mg/mL. Calibration standards were prepared
by consecutive dilutions in methanol, ranged between 0¢0005-5 mg/
mL for FFAox13 and 0¢005-50 mg/mL for the rest of the standards in
the calibration curve. Likewise, internal standards (IS) stock solution
of Octadecanoyl (18,18,18-D3)-L-Carnitine, Linoleic-9,10,12,13-D4
acid, Hexadecatrienoic 7 (Z),10 (Z), [13]14-D6 acid, and 18:1-d7 Lyso
PC were prepared at a concentration of 1000 or 5000 mg/mL. The IS
working solution was prepared by mixing the appropriate amount of
each stock solution in methanol to reach the desire concentration.
Quality control (QC) samples (reference sera samples commercially
available) were treated according to the same protocol that serum
and plasma samples and were analysed against the calibration curve.
The intra-day precision was determined by analysing five replicates.
To estimate the concentration of validated metabolites in the dis-
covery set, the measured absolute values of metabolites (normalised
to IS and standard curves) were plotted against the normalised chro-
matographic peak areas for 58 samples. Simple linear regression was
applied to generate the equation for each metabolite and estimate R-
square (Goodness of fit). The equations used for concentration esti-
mation are presented in Supp. Table 2.2.4. Gene expression analysis
To estimate expression of fatty acid transport and metabolism
genes we used 48 NAFLD-HCC tumour tissues and 47 matched, sur-
rounding tissues. RNA was isolated from 20 mg of frozen tissue with
AllPrep DNA/RNA/Protein Mini Kit (Qiagen) according to manufac-
tures recommendation and sequenced Illumina PE150 (Novogene).
Fastq files were trimmed with Trimmomatic-0-2¢36 (TruSeq3-PE illu-
mina adapters cut). Reads were annotated with STAR-2.5.1a to hg38
canonical genome assembly 1 pass mode, with default parameters.
Gene reference (Gencode.v30) was used for gene abundancy estima-
tion is and normalised by gene length (transcript per million, TPM).
Differential expression between tumour and surrounding tissue was
established with t-test (p<0¢05). The Level 3 TCGA gene expression
data (LIHC.rnaseqv2__illuminahiseq_rnaseqv2) from TCGA [25] were
downloaded from Firebrowse (http://firebrowse.org/). Clinical data
were obtained from (https://www.cbioportal.org/). Total of 12
tumour samples had identified NAFLD as one of aetiologies. For sur-
rounding liver tissue only two matched NAFLD samples were avail-
able in the dataset, thus we included ‘Other’ (n=4) and ‘No History of
Primary Risk Factors’ (n=19) as controls.2.5. Statistics
We identified 0¢3% of missing values in the matrix with the maxi-
mum of missing values in one feature equal to 15%. The missing val-
ues were estimated by the k-nearest neighbour method with
Metaboanalyst 4.0 [26]. Data were quantile-normalised, log-trans-
formed before analysis (Metaboanalyst 4.0). The covariate testing
and correction was performed with linear regression priori to analy-
sis, and age, sex and BMI were included as covariates in differential
expression analysis (R 4.0.4) The outline of statistical approaches is
presented in Figure 1a.
Differences in biochemical parameters were established
with one-way ANOVA, Kruskal-Wallis test with Tukey’s multiple
comparisons, or Fisher exact test for categorical data (Prism
8.2.0).
Figure 1. Workflow of statistical approaches and multivariate analysis between the patient groups. a. Schematic outline of the analytical steps applied post-detection and nor-
malisation of metabolites b. The 3 components that based on spares partial least squares discriminant analysis (sPLS-DA model) of all detected metabolites show samples separa-
tion. c. Unsupervised hierarchical clustering of patient subgroups (each subgroup is averaged) across all metabolites (Ward’s method clustering).
4 M. Lewinska et al. / EBioMedicine 73 (2021) 103661The covariate testing and correction was performed with linear
regression priori to analysis, and age, sex and BMI were included as
covariates in differential expression analysis (R 4.0.4).
Data sets per metabolic class were calculated as the sum of the
normalised areas of all the metabolites with the same chemical char-
acteristics. The outlier analysis was performed before one-way
ANOVA or Kruskal-Wallis test with Tukey’s or Dunn’s multiple testing
(Prism 8.2.0) depending on data normality.
Multivariate analyses were performed with package mixOmics
[27] or Metaboanalyst 4.0. The sparse partial least squares discrimi-
nant analysis (sPLS-DA) was used to investigate the best separationbetween the groups for multiple groups and orthogonal partial least
squares discriminant analysis (oPLS-DA) for pair-wise compresence.
Hierarchical cluster analysis was performed with Ward’s algorithm
using Euclidean distances.
The receiver operating characteristic (ROC) curves were generated
for pair-wise comparison and areas under the curves (AUC) were esti-
mated with Metaboanalyst 4.0 or Prism 8.2.0
The diagnostic model was constructed using ROC curves generated
by Monte-Carlo cross-validation (MCCV) using balanced sub-sam-
pling. In each MCCV, two-thirds (2/3) of the samples were used to
evaluate the feature importance and the classification model was val-
idated on 1/3 of the samples that were left out. The procedure was
Table 1
The area under the curve of the receiver operating characteristic curves





AFP 0¢786 NA 0¢613
ALT 0¢776 0¢733 0¢570
GGT 0¢927 0¢865 0¢562
AP 0¢781 0¢606 0¢515
Bilirubin 0¢619 0¢859 0¢539
Individual metabolites
AC (18:2n-6) 0¢957 0¢950 0¢961
PC (16:0/17:0) 0¢992 0¢991 0¢942
Linoleic acid 0¢910 0¢990 0¢968
Osbond acid 0¢944 0¢964 0¢965
Palmitolinoleic acid 0¢915 0¢977 0¢948
MUFA (14:1n-5trans) 0¢934 0¢962 0¢979
PUFA (14:2n-x) 0¢978 0¢971 0¢998
PUFA (16:3n-x) 0¢963 0¢964 1¢000
Hydroxy-octadecadienoic acid 0¢931 0¢982 0¢966
PC (0:0/18:2) 0¢924 0¢909 0¢925
PC (18:2/0:0) 0¢900 0¢925 0¢973
PC (0:0/22:5) 0¢914 0¢930 0¢987
TG (47:0) 0¢978 0¢968 0¢933
TG (45:1) 0¢955 0¢933 0¢903
Area under the curve (AUC) for biochemical features and individual
metabolites calculated as AUC of the receiver operating characteristic
(ROC) curves and AUC from support vector machine (SVM)-driven
modelling¢ Abbreviations: alpha-fetoprotein (AFP), alanine amino-
transferase (ALT), gamma-glutamyl transferase (GGT), alkaline phos-
phatase (AP), acylcarnitine (AC), phosphatidylcholines (PC),
monounsaturated fatty acids (MUFA), polyunsaturated fatty acids
(PUFA) and triglycerides (TG).
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val of each model detecting the optimal number of features for best
accuracy. The linear support vector machine (SVM) method was used
for sample classification. Feature selection was performed with SVM
Mean Importance Measure. The average accuracy of the model was
based on 100 cross validations. Model performance was measured
with 1000 permutations and both area under the ROC curve and pre-
dictive accuracy p<0¢001 (Metaboanalyst 4.0).
NAFLD-HCC diagnostic score (NHDS). In the discovery set of 196
samples, 8 metabolites [1] had commercial standards allowing abso-
lute quantification, [2] highly correlated between measured concen-
tration and peak areas. These were used to build an SVM model to
identify the optimal number of metabolites and select features (Mean
Importance Measure) distinguishing NAFLD-HCC. The concentrations
of selected metabolites were used to build a logistic regression model
(with an additional 10-fold Cross Validation) retaining metabolites in
the equation with p<0¢05. Model performance was tested with
1000x permutations and both AUC and predictive accuracy reaching
p<0¢001 (Metaboanalyst 4.0). A logistic model was generated based
on metabolite concentrations in the discovery set data establishing
the NAFLD-HCC diagnostic score (NHDS) and the cut-off value. The
NHDS was calculated for the validation set. ROC curves between the
groups were computed and compared (Prism 8.2.0).
The odds ratio and relative risk for NHDS, clinical and biochemical fea-
tures were established using Prism 8.2.0. We generated confusion
matrixes for the features in discovery and validation sets as well as pulled
patient sets using a cut-off value of age (50 years), BMI=30, and reference
ranges for biochemical features. Statistical significance was measured
with Fisher’s exact test (p<0¢05), the relative risk was calculated with
Koopman asymptotic score and odds ratio with the Baptista-Pike
method.
Role of covariates on the performance of NHDS. Patients were strati-
fied in groups according to the underlying condition (diabetes, dysli-
pidaemia, cirrhosis (NAFLD-HCC)), reported medication (statin and
paracetamol) use or NAFLD risk-genotype of Patatin-like phospholi-
pase domain-containing protein 3 (PNPLA3), Transmembrane 6
Superfamily Member 2 (TM6SF2), Membrane-Bound O-acyltransfer-
ase Domain Containing 7 (MBOAT7).
Pearson correlation was applied for pattern hunter analysis to
detect metabolites significantly correlating with progressive increase
or decline. Metabolites were considered as correlated with pattern
when (q<0¢05) and abs (r)> 0¢3.
Pathway overrepresentation analysis was performed with the Inte-
grated Molecular Pathway Level Analysis (IMPaLA) [28]. As the
majority of our metabolites belong to lipids, which to a high extend
are not included in metabolic pathways, we used all detected serum
metabolites with HMDB identifiers as background in the enrichment
analysis. Lipid pathway enrichment analysis was performed with Bio-
PAN software and default settings.
2.6. Role of funding sources
The funding sources for this study had no role in study design,
data collection, data analyses or interpretation nor writing of the
report as it is presented herein.
3. Results
3.1. Clinical and biochemical features of studied populations
We analysed the metabolic composition of serum obtained from
249 patients divided into a discovery set comprising patients with
NAFLD-HCC (n=27), non-cancerous individuals (n=137) and 32
patients with alcohol- or viral-related HCC (AV-HCC). The control
(CTRL) group included 44 individuals (35 healthy subjects [22] and 9
bariatric surgery patients with a NAFLD-activity score (NAS)<3 andfibrosis score <2) and 93 morbidly obese NAFLD patients awaiting
bariatric surgery (OB-NAFLD). Furthermore, we independently vali-
dated our findings in serum from 37 patients with NAFLD and in
plasma from 16 patients with NAFLD-HCC. Importantly, all NAFLD-
HCC patients had no prior history of viral hepatitis or excessive alco-
hol consumption. The clinical, pathological, and biochemical features
of all patients are summarized in Supp. Table 1 and Supp. Fig. 1.
We observed a significant difference in mean age (NAFLD-HCC
patients were significantly older compared to CTRL, OB-NAFLD and
AV-HCC), BMI (significantly higher in OB-NAFLD compared to CTRL,
AV-HCC and NAFLD-HCC), as well as gender ratio (significantly higher
prevalence of HCC among males, but equal between NAFLD-HCC and
AV-HCC). Nevertheless, unsupervised principal component analysis
(PCA) showed that the metabolic profiles grouped independently of
these covariates (Supp. Fig. 2). Additionally, the presence of underly-
ing diabetes, cirrhosis, and level of fibrosis did not affect patients’
grouping in unsupervised clustering. Further, the analysis of alpha-
fetoprotein (AFP) or other liver biochemical features (alanine amino-
transferase (ALT), gamma-glutamyl transferase (GGT), alkaline phos-
phatase (AP), bilirubin, albumin, and prothrombin activity) to follow
the liver function showed extensive variability already in non-
cancerous patients, but generally remained within the range of their
references (Supp. Fig. 1). As such, these markers presented limited
potential for diagnosing NAFLD-HCC (Table 1). To investigate
whether metabolomic changes in NAFLD-HCC are aetiology-specific,
we compared the profiles of NAFLD-HCC patients and 32 patients
with AV-HCC. As such, the metabolic profiles of patients with AV-
HCC showed significant overlap, but a clear separation from the pro-
files of patients with NAFLD-HCC (Supp. Fig. 2h). Compared to
patients with AV-HCC, NAFLD-HCC patients were older (p<0¢05) and
less likely to develop HCC on a cirrhotic background (respectively
90% compared to 30%, Fisher’s exact test p<0¢0001). However, no sig-
nificant differences were observed between NAFLD-HCC and AV-HCC
in measurements of the liver function (AFP, AP, ALT, GGT, and
6 M. Lewinska et al. / EBioMedicine 73 (2021) 103661bilirubin) or diabetes. Interestingly, tumours obtained from NAFLD-
HCC patients were larger in size compared to tumours from patients
with AV-HCC (Mann Whitney test, p=0¢0006) and more frequently
displayed microvascular invasion (41% NAFLD-HCC compared to 20%
AV-HCC, Fisher’s exact test p=0¢016).
3.2. NAFLD-HCC patients present a disparate serum metabolome
To establish a serum-based metabolomic landscape of NAFLD-
HCC, we performed detailed metabolomics using a comprehensive
library of 1295 metabolites covering amino acids (AA), glycerophos-
pholipids, fatty acyls, sterols, sphingolipids, and glycerolipids. In total,
we detected 470 metabolites. Due to the differences in age, sex and
BMI between the groups, we performed covariate correction, includ-
ing age, sex and BMI, and as a result 43 metabolites were excluded
from further analysis (Fig. 1a). Next, sparse partial least squares dis-
criminant analysis (sPLS-DA) revealed that NAFLD-HCC patients met-
abolically are the most distinct group compared to CTRL, OB-NAFLD,
and patients with AV-HCC (Fig. 1b). Besides, NAFLD-HCC patientsFigure 2. The diagnostic potential of lipidomics. a. The waterfall plot presenting the 14 m
the fold change to CTRL. b. ROC curves of 5-metabolite based model distinguishing NAFLD-
class probabilities (average of the cross-validation) for each sample using the best classifier (were the most dissimilar as seen by unsupervised hierarchical clus-
tering (Fig. 1c). Interestingly, AV-HCC and NAFLD-HCC subgroups
showed low similarity and clustered far apart (Fig. 1b, Supp. Fig. 2h),
suggesting that unique metabolic programs may be driven by differ-
ences in the disease aetiology (NAFLD versus alcohol or viral hepatitis
background).
3.3. Diagnostic potential of serum metabolomics
Serum metabolomics has been successfully used as a diagnostic
tool to discriminate liver diseases [21,22]. Here, we investigated the
potential of distinguishing NAFLD-HCC not only from healthy individ-
uals and NAFLD patients, but also from AV-HCC. Thus, to generate a
predictive metabolite signature, we first used receiver operating
characteristic (ROC) curves and calculated area under the curve
(AUC) for each metabolite as a contrast test between NAFLD-HCC and
the respective comparative groups (CTRL, OB-NAFLD, and AV-HCC).
As such, 89 metabolites presented an AUC>0¢75, distinguishing
NAFLD-HCC patients from each of the other control groups (healthyetabolites signature distinguishing NAFLD-HCC patients. Metabolites are presented as
HCC patients from other groups in compresence to biochemical tests. c. The predicted
based on AUC).
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lites presented a superior AUC>0¢9 in all contrast tests (Table 1).
These metabolites and their fold change compared to CTRL are pre-
sented in Fig. 2a. Importantly, these 14 metabolites individually pres-
ent AUCs markedly superior to alpha-fetoprotein (AFP: AUCNAFLD-HCC
vs CTRL=0¢791 and AUCNAFLD-HCC vs AV-HCC=0¢614) and all biochemical
measurements for the liver function (ALT: AUCNAFLD-HCC vs CTRL=0¢776,
AUCNAFLD-HCC vs NAFLD=0¢733, and AUCNAFLD-HCC vs AV-HCC=0¢570 or
GGT: AUCNAFLD-HCC vs CTRL= 0¢927, AUCNAFLD-HCC vs NAFLD=0¢865, and
AUCNAFLD-HCC vs AV-HCC=0¢562), discriminating NAFLD-HCCs from
all controls and AV-HCC (HCCs of different aetiology other than
NAFLD).
Next, we assessed if a combination of the 14 metabolites would
increase the diagnostic potential. As such, we used support vector
machine (SVM) modelling and determined that a panel of 5 metabo-
lites yielded the optimal predictive accuracy (Supp. Fig. 3a). Indeed,
the model based on the 5 metabolites reached an AUC>0¢98 (Fig. 2b)
for any of the contrasts (compared to all controls and AV-HCC) with a
predictive accuracy greater than 90% (Fig. 2c). Importantly, the accu-
racy of the diagnostic panel was confirmed in the validation set and a
model performance with an AUC=0¢91, including matching NAFLD-
HCC patients according to BMI (Supp. Fig. 3b).
3.4. Validation and quantification of diagnostic metabolites
To reinforce the clinical relevance of the metabolite panel in the
diagnosis of NAFLD-HCC patients, we next validated and quantified
the abundance of each metabolite. Also, we established their refer-
ence concentration range. Among the 14 metabolites with the great-
est diagnostic value, only 10 of them have commercial standards
available. Also, each metabolite needs to be detected within the linear
range, which allows for absolute quantification. As such, we estab-
lished the abundance of metabolites in the validation set (Fig. 3a). All
metabolites except PC (0:0/22:5) showed a similar trend as in the dis-
covery set. Overall, the validation set showed a great variability,
which can be due to difference in geographical sampling or availabil-
ity of plasma instead of serum. Moreover, we utilised the quantifica-
tion of each metabolite to generate linear regression models to assess
their concentration levels in the discovery set. The linear dependence
and estimated concentrations are presented in Supp. Table 2. Lastly,
among the validated metabolites in the panel, which are based in
SVM modelling and the mean importance measure, we determined
the optimal set of metabolites (linoleic acid, osbond acid, monounsat-
urated fatty acid MUFA (14:1n-5trans), and PC (18:2/0:0)) to build
the NAFLD-HCC Diagnostic Score (NHDS). The NHDS is dependent on
the absolute concentration level of each metabolite in the score. The
NHDS performed with an AUC>0¢75 for any given contrast (Fig. 3b-c)
as well as presented suitable power according to sample size (Supp.
Table 3). Furthermore, we established the odds ratio (OR) and relative
risk (RR) for the NHDS (at cut-off value 0) in the discovery, validation,
and combined cohort. The NHDS>0 was predictive of NAFLD-HCC in
the discovery set (Fisher's exact test, p=0¢01) with relative risk
RR=1¢18, odds ratio OR=8¢87 and in validation set (Fisher's exact test,
p<0.0001) with RR=2¢23 and infinite OR. Taken together, the
NHDS>0 was predictive of NAFLD-HCC with the highest odds ratio
OR=97¢55 (95% CI=16¢40 to 999¢7) (Fig. 3d) and relative risk RR=1¢67
(95% CI=1¢45 to 1¢99) (Fig. 3e). Moreover, we next tested if underlying
conditions, such as diabetes, dyslipidaemias, cirrhosis effect the per-
formance of NHDS (Supp. Table 4). Interestingly, no DEMs were
detected between cirrhotic and non-cirrhotic NAFLD-HCC patients in
direct pair-wise comparison. Next, we considered if the use of medi-
cation (statin and paracetamol) and the presence of known NAFLD
risk-genotypes (Patatin-like phospholipase domain-containing pro-
tein 3 (PNPLA3), Transmembrane 6 Superfamily Member 2
(TM6SF2), Membrane Bound O-Acyltransferase Domain Containing
7 (MBOAT7)) effected the performance of NHDS. Indeed, themodel showed significant performance (AUC: 0¢888-1, p<0¢0001)
regardless of the underlying condition, medication used and gen-
otypes (Supp. Table 4). Also, the NHDS predicted NAFLD-HCC
independent of tumour stage (BCLC and TNM), degree of NAFLD
and sex (Supp. Table 4).
3.5. Unique metabolomic profile of NAFLD-HCC patients
To investigate differences in the metabolic profiles between
NAFLD-HCC patients and the other groups, we performed a series of
pair-wise tests. As such, after the covariate correction (age, sex, BMI)
orthogonal partial least squares discriminant analysis (oPLS-DA)
showed substantial separation of NAFLD-HCC patients from CTRL
(R2X=0¢178, R2Y=0¢751, Q2=0¢723) (Fig. 4a). The differential expres-
sion analysis identified 274 significantly different (t-test, false-dis-
cover rate (FDR) corrected p<0¢05) metabolites (DEMs), among
which 152 metabolites were depleted and 122 metabolites were
increased (Fig. 4b, Supp. Table 5). Next, we performed pathway over-
representation analysis of the depleted metabolites using integrated
molecular pathway level analysis (IMPaLA) [28] and identified lino-
leic acid metabolism and G protein-coupled receptor (GPCR) signal-
ling as the most impaired networks (Supp. Table 6). Contrary,
cholesterol synthesis, membrane fluidity and trafficking, and glycero-
phospholipid metabolism were among the most upregulated path-
ways (Supp. Table 6). In addition to relate individual metabolites to
their processes, we compared unique classes of metabolites with the
same chemical characteristics. As such, we defined a unique deple-
tion of acylcarnitines (AC), sterol lipids (ST), and fatty acids (FA; espe-
cially oxidized fatty acids (oxFA) and omega-6 FA) in NAFLD-HCC,
while saturated triglycerides (TG) were upregulated (Fig. 4c, Supp.
Fig. 4). Furthermore, we utilised Bioinformatics Methodology For
Pathway Analysis (BioPAN) [29] for lipid pathway enrichment analy-
sis. We observed a significant activation of reactions converting
sphingomyelins (SM) to ceramides (Cer), a process catalysed by
sphingomyelin phosphodiesterases (SMPD2 and SMPD3), as well as
phosphatidylcholines (PC) to diglycerides (DG), which is catalysed by
the sphingomyelin synthases (SGMS1 and SGMS2) (Supp. Fig. 5a).
Similarly, significant alterations were revealed in the activity of FA
desaturases and elongases with specific activation of fatty acid desa-
turase 1 (FADS1) and impairment in FADS2, stearoyl-CoA desaturase 1
(SCD1) and elongation of very long chain fatty acid (ELOVL) elongases
(ELOVL2, and ELOVL5) (Supp. Fig. 6a).
Next, we compared OB-NAFLD and NAFLD-HCC patients. Indeed,
oPLS-DA analysis showed moderate separation (R2X=0¢173,
R2Y=0¢715, Q2=0¢697) (Fig. 4d). The differential expression analysis
identified 316 DEMs with 154 metabolites upregulated and 162
downregulated (Fig. 4e, Supp. Table 7). The overrepresentation analy-
sis identified cholesterol and bile acid (BA) metabolism, aminoacyl-
tRNA biosynthesis, as well as protein and glucose metabolism as sig-
nificantly upregulated in NAFLD-HCC compared to OB-NAFLD. Con-
trary, FA biosynthesis and GPCR signalling were both downregulated
(Supp. Table 8). Furthermore, OB-NAFLD significantly differed from
NAFLD-HCC in specific classes of metabolites. As such, AA, BA, Cer,
TG, PC, and phosphatidylethanolamines (PE) were all significantly
upregulated in NAFLD-HCC compared to OB-NAFLD. Contrary, FA and
AC were reduced in NAFLD-HCC (Fig. 4c, Supp. Fig. 4). Moreover, the
pathway enrichment analysis identified two reactions (SM!Cer and
DG!PE) as the most dynamic, whereas the opposite direction
(Cer!SM and PE!PC!DG) was repressed (Supp. Fig. 5b). Moreover,
ELOVL3 and ELOVL6 presented an increased activity, whereas ELOVL2,
SCD1, and SCD3 were suppressed (Supp. Fig. 6b). Contrary, reactions
catalysed by FADS1, FADS2, and ELOVL5 displayed a mixed activity.
Lastly, we compared the metabolomes of NAFLD-HCC to HCCs
with alcohol and/or viral aetiology (AV-HCC). The oPLS-DA model
showed moderate separation (R2X=0¢171, R2Y=0¢739, Q2=0¢694)
(Fig. 4f). As expected, the AV-HCC group showed greater
Figure 3. Validation of metabolites and NAFLD-HCC Diagnostic Score (NHDS). a. The relative abundances of 10 validated metabolites in discovery (blue) and validation (purple)
sets are expressed as a fold change against CTRL. Metabolites included in NHDS are marked in red. b. ROC curves of NHDS in the discovery set. c. ROC curves of NHDS in the NAFLD-
HCC validation set. d. The forest plot presenting odds ratios (Fisher’s exact test) of NHDS at the established cut-off value as well as clinical and biochemical characteristics for discov-
ery, validation, and pulled (discovery and validation) sets. AFP and GGT were available only in the discovery set. Error bars present 95% CI, bold font was used for statistically signifi-
cant (Fisher’s exact test, p<005) factors #The Odds ratio for NHDS in validation set was infinite e. The forest plot representing the relative risk (Fisher’s exact test) of NHDS at the
established cut-off value as well as clinical and biochemical characteristics for discovery, validation and pulled (discovery and validation) sets. AFP and GGT were available only in
the discovery set. Error bars present 95% CI, bold font was used for statistically significant (Fisher’s exact test, p<005) factors
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Figure 4. Pair-wise comparison between NAFLD-HCC and other groups. a. The orthogonal partial least squares discriminant analysis (oPLS-DA) showing separation between
NAFLD-HCC and CTRL. b. Volcano plot representing DEMs between NAFLD-HCC and CTRL samples. The FDR p=005 is marked with a red dashed line. c. Differences between
NAFLD-HCC and other groups across major metabolic classes. Statistical significance between NAFLD-HCC and other groups was established with one-way ANOVA or Kruskal-Wallis
tests *p<005, **p<001, ***p<0001, ****p<00001 d. The oPLA-DA model showing separation between NAFLD-HCC and OB-NAFLD. e. Volcano plot representing DEMs between
NAFLD-HCC and OB-NAFLD. f. The oPLS-DA model showing separation between NAFLD-HCC and AV-HCC. g. Volcano plot representing DEMs between NAFLD-HCC and AV-HCC. h.
Simplified relationship between major metabolic classes. Classes marked in blue are downregulated and red upregulated in NAFLD-HCC patients. DEMs were identified by t-test fol-
lowed by FDR correction). Abbreviations: acylcarnitines (AC), amino acids (AA), aromatic amino acids (ArAAs), bile acids (BA), branched-chain amino acids (BCAAs), ceramides (Cer),
cholesteryl esters (ChoE), diacylglycerols (DG), diacylglycerophosphocholine (DAPC), diacylglycerophosphoethanolamine (DAPE), fatty acids (FA), fatty acids omega 3 (FA omega 3),
fatty acids omega 6 (FA omega 6), fatty acids omega 9 (FA omega 9), free bile acids (FBA), free sphingoid bases (FSB), glycine-conjugated bile acids (GCBA), lysophosphatidylcholines
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the mixed etiology. Differential expression analysis identified 257
DEMs (125 downregulated and 132 upregulated) in NAFLD-HCC com-
pared to AV-HCC (Fig. 4g, Supp. Table 9), showing an overall
impairment in the free FA (FFA) biosynthesis. Contrary, insulin resis-
tance, glycerophospholipid, and choline metabolism were upregu-
lated in NAFLD-HCC (Supp. Table 10). Next, we compared metabolic
classes between NAFLD-HCC and AV-HCC patients and observed sig-
nificant depletion of AC, BA, FA, ST, lysophosphatidylethanolamines
(LPE), and phosphatidylinositols (PI) in NAFLD-HCC. Contrary, choles-
teryl esters (ChoE), SM, Cer, and TG were all increased in NAFLD-HCC
compared to AV-HCC (Fig. 2c, Supp. Fig. 4). Moreover, lipid pathway
enrichment analysis showed an increased reaction activity in the
path SM!Cer (Supp. Fig. 5c) with the enzyme activities of FADS2,
ELOVL5, and ELOVL2 significantly reduced (Supp. Fig. 6c).
Taken together, the serum of NAFLD-HCC patients is characterized
by a significant depletion of FA reflective of a significantly lower FA
biosynthesis with decreased FA desaturase and elongase activities. A
depletion in both AC and ST with concurrent higher TG and Cer abun-
dance is suggestive of a unique metabolic reprogramming in NAFLD-
HCC patients. The altered SM:Cer ratio could be the result of an
increased activity in the enzymes SMPD2 and SMPD3 or reduced
activity of SGMS1, SGMS2, CERT1 in NAFLD-HCC patients. A simplified
association between the lipid classes and their deregulation in
NAFLD-HCC is presented in Fig. 4h.3.6. NAFLD-HCC tumours are responsible for fatty acid deterioration in
circulation
We observed significant depletion of omega-6 unsaturated fatty
acids in the serum of NAFLD-HCC patients. Interestingly, essential
linoleic acid (LA) as well as its metabolite osbond acid showed signifi-
cant difference and diagnostic potential. As such, we investigated the
concentration of LA and its elongation and desaturation pathway
(Fig. 5a). We first pooled the NAFLD discovery and validation patient
sets and based on the liver histology, we stratified them into NAFL
(NAS<6, n=58) and NASH subsets (n=72). Indeed, we observed signif-
icant depletion of LA, arachidonic acid, ardenic acid and osbond acid
in the serum from NAFLD-HCC patients (Fig. 5b). Interestingly, these
FAs remained unchanged in serum-matched tumours compared to
the normal tumour-adjacent tissues, healthy CTRLs as well as NAFL
and NASH patients (Fig. 5c). As such, we hypothesized that tumour
tissue might be responsible for the metabolic sink of FFA. To that end,
we measured the expression of FA transporters, FA binding proteins,
G-protein coupled receptor for FA, FA elongases, FA desaturases and
genes involved in oxylipin and prostaglandin synthesis (Fig. 5d).
NAFLD-HCC tumours showed a significant increase in the expression
of FA transporters (CD36, SLC27A1, SLC27A3, SLC27A4), FA binding
proteins (FABP2, FABP4, FABP5, FABP6), FA elongases (ELOVL1, ELOVL2,
ELOVL5, ELOVL6), FA desaturases (FADS1-3). Similarly, LA lipoxyge-
nases (ALOX15 family) were upregulated in tumours while cyto-
chrome P450 enzymes (CYPs) with LA affinity were downregulated.
Furthermore, we validated overexpression of CD36 and FA elongases
in NAFLD-HCC samples in The Cancer Genome Atlas (Fig. 5e). Collec-
tively, these data suggest that NAFLD-HCC tumours significantly
depend on exogenous FAs, increasing their uptake and metabolism.(LPC), lysophosphatidylethanolamines (LPE), lysophosphatidylinositols (LPI), monohexosylc
oxidized fatty acids (oxFA), phosphatidylcholines (PC), phosphatidylethanolamines (PE), ph
(Sat.DG), saturated fatty acids (SFA), saturated triacylglycerols (Sat.TG), sphingomyelins (SM
fatty acids (UFA).3.7. The serum lipidome landscape reflects the progression to NAFLD-
HCC
We investigated whether the serum lipidome reflects the progres-
sive nature of NAFLD-HCC development. It has been previously
reported, that major lipidomic alterations are observed in the devel-
opment of steatosis, but not progression to NASH [16]. We performed
pair-wise comparisons between NAFL and NASH adjusting for age,
sex and BMI and found no DEMs, which is in accordance with recent
findings [16]. As such, we investigated the CTRL!NAFLD!NAFLD-
HCC axis employing a pattern hunter approach with Pearson correla-
tion to designate the metabolic rearrangements in the subgroups as
part of the developing disease (Fig. 5f). A total of 412 lipids were
detected in the pooled discovery and validation NAFLD samples.
As such, we found a total of 121 lipids progressively altered (Pear-
son’s correlation FDR p<0¢05, r>0¢3; 66 negatively, and 55 positively)
following this axis (Supp. Table 11). The negatively correlated metab-
olites include AC, ChoE, PUFA, LPC, and ST subclasses. Among the
metabolites positively correlated, we found an overrepresentation of
TG (42 out of 55 metabolites). Importantly, 18 TGs significantly corre-
late with increasing NAS and fibrosis scores in OB-NAFLD patients,
suggesting their importance in the progressive deterioration of the
liver (Fig. 5g). Lastly, we tested whether any of these metabolites cor-
related with tumour size, recurrence, microvascular invasion, or liver
cirrhosis in NAFLD-HCC patients, however, none of the metabolites
reached statistical significance. This suggests that these metabolites
are associated with NAFLD-HCC, but not directly involved the cancer
progression.
4. Discussion
A sedentary lifestyle and overnutrition have led to an epidemic of
obesity, diabetes, and NAFLD that soon may become the leading
causes of HCC development. Metabolic reprogramming is at the core
of NAFLD progression to HCC [21]. However, due to the need of inva-
sive techniques for NAFLD diagnosis, our understanding of NAFLD-
HCC is limited and the underlying metabolomic landscape remains
elusive. The present study provides the first comprehensive analysis
covering 22 classes of lipids and amino acids and identifying complex
relationships in the gradual progression of NAFLD versus NAFLD-HCC
patient subsets. Importantly, this study was performed in patients
with biopsy-proven liver histology before therapy. To our knowledge,
it is the first study aiming to non-invasively differentially diagnose
NAFLD-HCC from HCC of other aetiologies. The current study is
focused on early-stage, resected NAFLD-HCC patients, which is
important for detection of metabolic changes at early-stage of the
disease and for its application in screening of patients at-risk. Our
findings warrant investigation in patients with advanced disease.
The diagnosis of NAFLD-HCC is challenging as patients with meta-
bolic syndrome are not screened for HCC [7,11]. Indeed, often only
patients with chronic liver disease of viral aetiology are offered HCC
screening. Increasing levels of liver enzymes are suggestive of liver
damage but are not specific to hepatocarcinogenesis. Additionally,
the diagnostic capacity of AFP [30] for HCC is limited and was
observed to be particularly inadequate for NAFLD-HCC patients
(Fig. 3d, e, Supp. Fig. 1). As such, we have applied machine learning
approaches to pin-point a combination of metabolites that offers the
best diagnostic potential for NAFLD-HCC patients. We found that a
combination of 5 metabolites accurately distinguishes NAFLD-HCC
patients from healthy individuals (AUC=0¢989), OB-NAFLD patientseramides (CMH), monounsaturated fatty acids (MUFA), N-acyl ethanolamines (NAE),
osphatidylinositols (PI), polyunsaturated fatty acids (PUFA), saturated diacylglycerols
), steroids (ST), taurine-conjugated bile acids (TCBA), triacylglycerols (TG), unsaturated
Figure. 5. The metabolism of linoleic acid in serum and tissue and the progressive metabolic perturbations in CTRL to NAFLD to NAFLD-HCC trajectory. a. The schematic
representation of LA metabolism (Fatty Acid Desaturase 1 (FADS1), Fatty Acid Desaturase 2 (FADS2), Elongation of Very Long chain fatty acids (ELOVLs)). b. Violin plots representing
the abundance of LA metabolites in serum. Expression was tested with one-way ANOVA or Kruskal-Wallice test *p<005, **p<001, ***p<0001, ****p<00001 c. Violin plots repre-
senting the abundance of LA metabolites in tissue (NAFLD-HCC surrounding liver (SL, n=27); NAFLD-HCC tumour tissue (T, n=27); CTRL n=9; NAFL n=32; NASH n=20). d. The heat-
map representing gene expression of fatty acid transport and metabolism genes in NAFLD-HCC surrounding liver tissue and NAFLD-HCC tumours. Genes marked in red are
significantly (t-test, p<005) upregulated and blue downregulated in tumour compared to matched surrounding liver tissue. e. The mRNA expression of CD36, ELOVL1 and ELOVL2
in NAFLD-HCC tumours in TCGA (n=12) compared to SL (n=25). f. The heatmap presenting the expression of metabolites statistically significantly correlated with disease progres-
sion. g. The bubble plot presenting Pearson’s correlation of metabolites with NAS and fibrosis level in NAFLD patients.
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12 M. Lewinska et al. / EBioMedicine 73 (2021) 103661(AUC=0¢997), and patients with AV-HCC (AUC=0¢999). This model
performed well against a validation set of NAFLD patients
(AUC=0¢905). Furthermore, to bring metabolomics to clinical practice,
it is crucial to establish methods for absolute quantification of metab-
olites as well as their reference concentration ranges. Here, we were
able to validate 10 metabolites using commercially available internal
standards and measure their concentrations. As such, we built a score
(NHDS) based on the absolute concentrations of 4 metabolites (3
unsaturated FA and 1 phosphatidylcholine) that can be applied
on both serum and plasma measurements and performs superior
to AFP and GGT (liver function) (Fig. 3D, E). The NHDS performed
superior to recently developed GALAD test (AUCnon-viral/alcoholic
=0¢88) [31] and similarly to APAC Score AUCNAFLD/NASH=0¢95 [32],
both scores were developed in predominantly viral and alcohol-
related cohorts.
The unsaturated fatty acids (mono- (MUFA) and polyunsaturated
(PUFA)) significantly differed between NAFLD-HCC and other groups
(Fig. 4) with lower levels in NAFLD-HCC. Indeed, cancer cells show
higher dependency on unsaturated fatty acids to proliferate [33], and
lipid-dependence was previously reported in HCC [34]. Thus, we can
speculate that NAFLD-HCC tumours act as sinks for unsaturated fatty
acids from the blood. Indeed, the increased transport of FA by CD36
has been observed in widely investigated in the context of NAFLD
and NASH [35]. As such, its further augmentation in NAFLD-HCC
tumours might be responsible for reduced serum FA making it poten-
tial therapeutic target. The essential omega-6 FA (linoleic acid/LA) is
a precursor to long-chain metabolites, including arachidonic acid,
which is a substrate in the prostaglandin synthesis and thus, deple-
tion of LA may cause an altered signalling and inflammatory response
[36]. The role of LA in carcinogenesis remains controversial. On the
one hand, LA and its derivatives have shown a tumour-suppressive
role in colorectal cancer [37]. Conversely, LA accumulation (in a
murine model) increases oxidative stress and causes a selective loss
of intrahepatic CD4+ T cells, leading to NAFLD-mediated hepatocarci-
nogenesis [38]. Interestingly, serum LA is significantly depleted in
NAFLD-HCC patients (Fig. 2a, Fig. 5b), suggesting that the murine
model not fully mimic the human disease, and possibly further
emphasizing the potential limitation of murine studies in this field.
Interestingly, the LA abundance in tissues is restored (Fig. 5c) likely
due to increased uptake by the tumour (Fig. 5d). Indeed, increased
metabolism of LA and arachidonic acid have been implicated in viral-
associated HCC in the Korean population [39]. The liver is the key
organ for carnitine synthesis and metabolism [40]. As such, the signif-
icantly decreased levels of serum acylcarnitines suggests an increased
b-oxidation of FFA [41], which could be caused by increased energy
demands of NAFLD-HCC tumours. Furthermore, we found elevated
levels of bile acids in NAFLD-HCC patients compared to OB-NAFLD
patients, but lower than AV-HCC (Fig. 4c). That can be result of altered
BA metabolism in cirrhotic patients owning to altered gut micro-
biome in cirrhosis [42].
HCC is a progressive disease developing over decades. We
observed a gradual attenuation of acylcarnitines, lysophosphatidyl-
cholines, and unsaturated FA and an increase in phosphatidylcholines
and triglycerides during the progression of liver disease. Interest-
ingly, some of the triglycerides that were found to be augmented in
NAFLD versus NAFLD-HCC were previously associated with NAS and
fibrosis scores in NASH [43,44] (Fig. 5g), but were not associated with
tumour size. Although, we have presented a successful metric, dem-
onstrating the ability of the metabolite panel in diagnosing NAFLD-
HCC patients and in distinguishing these patients from AV-HCC,
results must be interpreted with caution given the sample size. The
NHDS needs to be tested in a large cohort, including advanced nonre-
sectable and ethnically diverse HCC patients in the prospective longi-
tudinal cohorts. However, stratification of HCC based on their
metabolome may in the future be an approach to evaluate crypto-
genic HCC patients. It is notable that NAFLD-HCC patients weresignificantly older compared to other groups which limited the
power to detect metabolic differences.
In conclusion, the depletion of unsaturated FA, and the increase of
triglycerides are at the core of deregulated metabolic networks in
NAFLD-HCC, leading to altered signalling and likely different nutrient
utilisation by cancer cells. These changes can be exploited for non-
invasive surveillance of the ‘at risk’ population for early HCC detec-
tion in the background of metabolic syndrome.Declaration of Competing Interest
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